Abstract: Available ground-based observation networks for the validation of soil moisture remote sensing products are commonly sparse; thus, ground truth determinations are difficult at the validated remote sensing pixel scale. Based on the consistency of temporal trends between ground truth and in situ measurements, it is feasible to estimate ground truth by building a linear relationship between temporal sparse ground observations and truth samples. Herein, auxiliary remote sensing data with a moderate spatial resolution can be transformed into truth samples depending on the stronger representation of remote sensing data to spatial heterogeneity in the validated pixel relative to limited sites. When solving weighting coefficients for the relationship model, the underlying correlations among the in situ measurements cause the multicollinearity problem, leading to failed predictions. An upscaling algorithm called ridge regression (RR) addresses this by introducing a regularization parameter. With sparse sites, the RR method is tested in two cases employing six and nine sites, and compared with the ordinary least squares and the arithmetic mean. The upscaling results of the RR method show higher prediction accuracies compared to the other two methods. When the RR method is used, the six-site case has the same estimation accuracy as the nine-site case due to maintaining the diversity of in situ measurements through the analysis of the ridge trace and variance inflation factor (VIF). Thus, the ridge trace and VIF analysis is considered as the optimal selection method for the existing observation networks if the RR method will be used in future validation work. With a different number of sites, the RR method always displays the best estimation accuracy and is not sensitive to the number of sites, which indicates that the RR method can potentially upscale sparse sites. However, if the sites are too few, e.g., one to four, it is difficult to perform the upscaling method.
Introduction
Soil moisture (SM) is an important hydrologic and climate variable, and it plays a key role in water and energy budgets [1] . With the development of remote sensing (RS) technology, a large number of operational global-scale SM microwave products have become available, e.g., Soil Moisture Active Passive (SMAP) products [2] , Soil Moisture and Ocean Salinity (SMOS) products [3] , and merged productions [4, 5] . These products have been shown to provide useful information for geophysical applications, such as studies of the water cycle [6] , numerical weather forecasting [7] , runoff prediction [8] , and climate change [9] . In practical studies, RS SM products are generally
Materials and Methods

Study Area and Data
The study area is located in Naqu, which is situated on the Tibetan Plateau (TP), China. A multi-scale SM and temperature monitoring network on the central TP (CTP-SMTMN) was deployed in Naqu over an area covering approximately 1.0 • × 1.0 • [22] . This network covers three scales, large, medium, and small, which have spatial extents of 1.0 • , 0.3 • , and 0.1 • , respectively. As shown in Figure 1 , the ground-based sites located within the 0.3 • × 0.3 • grid are ideal for an upscaling algorithm study due to the high sample density. A total of 17 labeled sites in Figure 1 without missing measurements are used (see Table 1 ), and the average of all of the sites is considered as the relative ground truth (reference data) at the 0.3 • × 0.3 • grid scale. Nine randomly selected ground-based sites (denoted by squares in Figure 1 ) are upscaled to a grid of 0.3 • to test the suitability of the upscaling algorithm for sparse sites. The in situ measurements obtained at a depth of 5 cm from May 2015 to October 2015 are adopted. MODIS eight-day albedo (MCD43B3) and daily land surface temperature (LST, MOD11A1 and MYD11A1) data are used to calculate the apparent thermal inertia (ATI) with a spatial resolution of 1 km for representing the spatial heterogeneity of SM within the 0.3 • grid.
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Site
A number of studies have been conducted to validate remote sensing SM products by upscaling ground-based point observations. It is important to develop an upscaling algorithm to face the current situation of the existing ground networks-low-density sampling. An effective solution is to establish a temporal relationship between the in situ measurements and the ground truth at the validated pixel scale for assigning weighting coefficients (WCs) to ground-based sites. Note: All sites are deployed on alpine grasslands.
Obtaining Samples of Ground Truth at the Validated Pixel Scale
Methodology
A number of studies have been conducted to validate remote sensing SM products by upscaling ground-based point observations. It is important to develop an upscaling algorithm to face the current situation of the existing ground networks-low-density sampling. An effective solution is to establish a temporal relationship between the in situ measurements and the ground truth at the validated pixel scale for assigning weighting coefficients (WCs) to ground-based sites. The samples representing ground truth at the validated pixel scale are needed to determine an appropriate relationship between in situ measurements and ground truth. The samples can be obtained by taking the mean of high-density SM networks [23] , simulating SM by models [24] [25] [26] [27] and auxiliary information related to SM derived from remote sensing data [20, 28] .
Remotely sensed observation and its derivative products, having high coverage and easy availability, can act as auxiliary data to capture the spatial distribution of SM. In this paper, ATI derived from MODIS with a moderate spatial resolution is adopted due to its inherent relationship with SM, and ATI with a spatial resolution of 1 km is computed using the MODIS albedo and LST products as follows [29] :
where A is the solar correction factor, and ω represents the surface albedo. ∆T denotes the maximum daily amplitude of land surface temperature, and it can be derived from the MODIS LST product. An empirical relationship between the in situ SM measurements θ in situ and MODIS-derived ATI τ can be formulated as:
where η represents the random error. The relationship function f (·) is used to transform the ATI to SM. The samples representing the true values at the validated pixel can be calculated by averaging the SM obtained from Equation (2) within the validated pixel of 0.3 • .
Determining Weighting Coefficients for Ground Sites
The temporal dynamic of SM at the validated pixel can be captured using the in situ measurements within or near the validated grid. An optimal linear relationship between the true values at the pixel scale V and the ground-based observations can be written as follows:
where N is the number of ground-based sites, w i is the WC assigned to the ith site and is constant in the time window t expressed as [t 1 , t 2 , · · · , t M ], and θ t in situ,i represents the temporal observations made at the ith site.
The equation used to estimate w i is written as follows:
where θ t V, Samples indicates the vector of samples of the SM truth [θ
ω is the vector of the WCs [w 1 , w 2 , · · · , w N ] T , and D t in−situ is the observation matrix:
where θ t M in situ, N represents the observation at the Nth site at time t M . To minimize the estimation variance, the OLS method is generally used to determine ω:
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However, the underlying temporal correlations between θ t in situ,i (i = 1, 2, · · · , N) observed at different ground-based sites i result in the multicollinearity problem, which means that a time series of observations at one ground-based site can be linearly predicted from the temporal observations at other sites with a substantial degree of accuracy. As the multicollinearity problem worsens, the diversity of θ t in situ,i becomes lower. The multicollinearity problem increases the complexity of the prediction model (the existence of redundant sites), may cause the overfitting problem, and induces unreasonable WCs, e.g., negative values [30] . To reduce the adverse impact of multicollinearity when estimating ω, the ridge regression is performed by adding a regularization parameter λ to the diagonal direction of matrix (D t in−situ ) T D t in−situ in Equation (6); then, the new form is as follows:
where the parameter λ can be determined by analyzing the ridge trace, which represents the changes ofω with different values of λ. When the WCs are stable, the parameter λ is confirmed depending on subjective experience.
Results and Discussion
To test the performance of the RR method for sparse ground-based sites, the limited number of sites needs to be determined. By analyzing the statistical characteristics of n-site mean cases (n = 1, 2, · · · , 16), the statistical indexes (e.g., standard deviation) tend to be stable when n is greater than 10. Thus, the number of sites less than 10 is considered sparse, and then nine randomly selected ground-based sites with label names (see Figure 1 ) are upscaled to a grid of 0.3 • . The case with six sites optimally selected by the analysis of the ridge trace from nine sites is compared with the nine-site case. The means of all the ground-based observations within the 0.3 • × 0.3 • grid are used as reference data to compare the upscaling results produced by RR, OLS, and AM. Finally, the impact of the number of sites on the upscaling methods is discussed.
Samples of True Values Based on MODIS-Derived ATI
To obtain samples of true values at the validated pixel scale, a relationship between SM and the ATI is established using the nine ground-based sites labeled in Figure 1 Figure 2b) . Thus, the samples cannot be overfitted; otherwise, a model with poor predictive performance will be generated. 
Analysis of Multicollinearity
The correlations between the in situ measurements on a time series can cause multicollinearity. As shown in Figure 3 , except the sites MS3533 and P10 displaying moderate averaged correlations ( 0.5 | | 0.8 r  ), the others have high averaged correlation coefficients ( | | 0.8 r 
), indicating the existence of multicollinearity. The variance inflation factor (VIF) is used to quantitatively evaluate the multicollinearity. If the OLS method is used, the multicollinearity usually needs to be solved when the VIF value is greater than 10; otherwise, the prediction model may fail. In this case, the averaged VIF is 24.2, reflecting strong multicollinearity. Without impacting the diversity of in situ measurements, the averaged VIF can be further decreased to 7.6 by eliminating the minimum number of sites including sites MS3501, MS3518, and MS3527. Although the RR method can improve the multicollinearity problem without dealing with sites, the complexity of the prediction model in Equation (2) can be reduced by removing these sites. 
Analysis of the Ridge Trace
The RR algorithm provides a solution to the multicollinearity problem. To successfully implement the RR upscaling method, the parameter  in Equation (7) needs to be determined by analyzing the ridge traces. The curves of the WCs changing with  are presented in Figure 4 . The criterion determining  is that  in Equation (7) should be reasonable, which depends on the subjective judgment, e.g., avoiding negative WCs. 
Analysis of Multicollinearity
The correlations between the in situ measurements on a time series can cause multicollinearity. As shown in Figure 3 , except the sites MS3533 and P10 displaying moderate averaged correlations ( 0.5 ≤|r|< 0.8 ), the others have high averaged correlation coefficients (|r|≥ 0.8 ), indicating the existence of multicollinearity. The variance inflation factor (VIF) is used to quantitatively evaluate the multicollinearity. If the OLS method is used, the multicollinearity usually needs to be solved when the VIF value is greater than 10; otherwise, the prediction model may fail. In this case, the averaged VIF is 24.2, reflecting strong multicollinearity. Without impacting the diversity of in situ measurements, the averaged VIF can be further decreased to 7.6 by eliminating the minimum number of sites including sites MS3501, MS3518, and MS3527. Although the RR method can improve the multicollinearity problem without dealing with sites, the complexity of the prediction model in Equation (2) can be reduced by removing these sites. 
Analysis of the Ridge Trace
The RR algorithm provides a solution to the multicollinearity problem. To successfully implement the RR upscaling method, the parameter λ in Equation (7) needs to be determined by analyzing the ridge traces. The curves of the WCs changing with λ are presented in Figure 4 . The criterion determining λ is thatω in Equation (7) should be reasonable, which depends on the subjective judgment, e.g., avoiding negative WCs.
positive; when the curves no longer intersect with each other, the WCs have become stable. Thus,  can be determined as 2.0 to perform the RR algorithm.
Through the analysis of the ridge trace, sites MS3501, MS3518, and MS3527 are confirmed to be the leading cause of multicollinearity, which is fully consistent with the analysis results of VIF. The analysis of ridge traces combined with VIF can be considered as a method to optimally select sites from the existing observation networks when the RR method is used in the validation of RS SM products. 
Upscaling Algorithm
Under sparse ground-based sites, the RR, OLS, and AM methods are compared with each other in two cases with six sites and nine sites, respectively. The six optimally selected ground-based sites, excluding MS3501, MS3518, and MS3527, are also used to detect the ability of the RR method to improve the multicollinearity problem.
As shown in Figure 5 , the upscaling results of OLS are obviously close to the samples compared with those of the RR and AM methods. Due to the overfitting caused by the multicollinearity problem, the performance of OLS is determined by the accuracy of the samples. The RR method does not rely excessively on the samples by introducing a regularization parameter in Equation (7), and its upscaling results closely match the reference data. The AM method shows similar estimation accuracy to the RR method when nine sites are used. However, during the rainy season, the strong heterogeneity of SM caused by the non-uniformity of precipitation patterns is not accurately captured when six sites are used. When the soil is dry, the AM method does not clearly reduce the estimation accuracy as the number of sites decreases compared with the reference data. When λ is equal to 0 (same as OLS),ω shows a large standard deviation of 0.31, and the largest WC (0.96) is assigned to site MS3501, which causes some unrealistic negative coefficients to balance the over-contribution from site MS3501 to the upscaling results. With the growth of λ, the negative coefficients gradually trend positive, and all WCs become stable. In addition, the WC of the MS3501 site progressively decreases, meaning that the degree of over-contribution is reduced. Both sites MS3518 and MS3527, always having WCs close to 0, make small contributions to the upscaling results, indicating that they can be ignored in the upscaling process. When λ = 2.0, all WCs become positive; when the curves no longer intersect with each other, the WCs have become stable. Thus, λ can be determined as 2.0 to perform the RR algorithm.
Through the analysis of the ridge trace, sites MS3501, MS3518, and MS3527 are confirmed to be the leading cause of multicollinearity, which is fully consistent with the analysis results of VIF. The analysis of ridge traces combined with VIF can be considered as a method to optimally select sites from the existing observation networks when the RR method is used in the validation of RS SM products.
As shown in Figure 5 , the upscaling results of OLS are obviously close to the samples compared with those of the RR and AM methods. Due to the overfitting caused by the multicollinearity problem, the performance of OLS is determined by the accuracy of the samples. The RR method does not rely excessively on the samples by introducing a regularization parameter in Equation (7), and its upscaling results closely match the reference data. The AM method shows similar estimation accuracy to the RR method when nine sites are used. However, during the rainy season, the strong heterogeneity of SM caused by the non-uniformity of precipitation patterns is not accurately captured when six sites are used. When the soil is dry, the AM method does not clearly reduce the estimation accuracy as the number of sites decreases compared with the reference data. Table 2 shows the accuracy of the upscaling results produced using the three methods before and after optimally selecting sites based on the analysis of ridge traces and VIF. The RR method has the highest estimation accuracies in the six-site and nine-site cases, and the performance of the OLS method is the worst of the three. For both the OLS and RR methods, the RMSEs of the six-site and nine-site cases are almost the same, indicating that the improvement in the multicollinearity by the optimal selection of sites maintains the estimation accuracy and reduces the complexity of the prediction models. For the AM method, the six-site case shows higher estimation errors than the nine-site case, indicating that the optimal selection of sites is ineffective to the AM method. The spatial distribution of sites capturing the spatial variability of SM is significant to the AM method [31] , but the analysis of ridge traces and VIF focuses on the diversity of ground observations. Although the case with six sites adverse to the AM method cannot explain the unsatisfactory performance of the AM method, the ability to represent the spatial variability of SM using six sites in the AM method is far less than that of remote sensing with highly spatial coverage in the RR method. The AM method is not suitable to upscale sparse in situ measurements with strong spatial heterogeneity. 
Impact of the Number of Sites on the Upscaling Accuracies
All of the upscaling cases employing combinations of two to 16 of the ground-based sites are performed using the three upscaling methods. The triple collocation method [32] is used to evaluate each case, and the averaged errors of the upscaling results employing the same number of ground-based sites for each upscaling method are shown in Figure 6 . Table 2 shows the accuracy of the upscaling results produced using the three methods before and after optimally selecting sites based on the analysis of ridge traces and VIF. The RR method has the highest estimation accuracies in the six-site and nine-site cases, and the performance of the OLS method is the worst of the three. For both the OLS and RR methods, the RMSEs of the six-site and nine-site cases are almost the same, indicating that the improvement in the multicollinearity by the optimal selection of sites maintains the estimation accuracy and reduces the complexity of the prediction models. For the AM method, the six-site case shows higher estimation errors than the nine-site case, indicating that the optimal selection of sites is ineffective to the AM method. The spatial distribution of sites capturing the spatial variability of SM is significant to the AM method [31] , but the analysis of ridge traces and VIF focuses on the diversity of ground observations. Although the case with six sites adverse to the AM method cannot explain the unsatisfactory performance of the AM method, the ability to represent the spatial variability of SM using six sites in the AM method is far less than that of remote sensing with highly spatial coverage in the RR method. The AM method is not suitable to upscale sparse in situ measurements with strong spatial heterogeneity. 
All of the upscaling cases employing combinations of two to 16 of the ground-based sites are performed using the three upscaling methods. The triple collocation method [32] is used to evaluate each case, and the averaged errors of the upscaling results employing the same number of ground-based sites for each upscaling method are shown in Figure 6 .
The RR method always shows the optimal accuracy, followed by the AM method. The averaged accuracy of the seven-site cases obtained using the RR method is equivalent to that of the 16-site cases obtained using the AM method. The advantages of the RR method in upscaling the data from sparse sites is quite obvious compared with the AM method. The OLS method also has the potential to upscale the data from a limited number of sites because the averaged errors stabilize sooner than those of the RR and MA methods, but the accuracy of the samples remains an important problem, which is properly solved by the RR method. The estimation accuracy of the RR method becomes stable when the data from 10 sites are used, which can be considered as the optimal number of sites in this case. Although the RR method can accurately upscale sparse ground-based sites compared with OLS and Remote Sens. 2018, 10, 192 9 of 11 AM, it is unrealistic to solve cases with too few sites e.g., one to four, to face the 0.04 cm 3 /cm 3 accuracy requirement of SM RS products. The RR method always shows the optimal accuracy, followed by the AM method. The averaged accuracy of the seven-site cases obtained using the RR method is equivalent to that of the 16-site cases obtained using the AM method. The advantages of the RR method in upscaling the data from sparse sites is quite obvious compared with the AM method. The OLS method also has the potential to upscale the data from a limited number of sites because the averaged errors stabilize sooner than those of the RR and MA methods, but the accuracy of the samples remains an important problem, which is properly solved by the RR method. The estimation accuracy of the RR method becomes stable when the data from 10 sites are used, which can be considered as the optimal number of sites in this case. Although the RR method can accurately upscale sparse ground-based sites compared with OLS and AM, it is unrealistic to solve cases with too few sites e.g., one to four, to face the 0.04 cm 3 /cm 3 accuracy requirement of SM RS products.
Conclusions
The time series of in situ SM measurements combined with the auxiliary data related to SM are used to estimate the WCs assigned to each in situ measurement by building temporal linear equations, which is a feasible solution to upscale the sparse observations for the validation of remote sensing products. However, the underlying correlations on time series between in situ measurements cause multicollinearity, which may lead to unreasonable (e.g., negative or too large) WCs, an overfitting problem, and redundant ground-based sites. By introducing a regularization parameter, the RR method excludes unreasonable WCs. Meanwhile, the RR method does not overly depend on the samples of ground truth at the upscaled pixel scale, as in the OLS method. The analysis of ridge traces as a necessary step before performing the RR method cannot only determine the regularization parameter but can also find the unnecessary sites.
The performance accuracy of the RR method is influenced by the diversity of temporal in situ measurements. Compared with the representativeness of ground-based sites, the diversity is more easily identified through the analysis of ridge traces and VIF. Especially for sparse ground-based sites, it is very difficult to evaluate the representativeness due to unobtainable ground truth. Under the selection of the RR method, the diversity can be used as a guide to the optimal selection of ground-based sites from the existing observation networks. Without obviously changing the diversity, the unnecessary sites can be removed based on the analysis of ridge traces and VIF, which minimally affects the upscaling accuracy of the RR method.
Given a different number of sites, the performance of the RR method is always superior to that of the OLS and AM methods. On the one hand, the RR method employs auxiliary data related to SM to compensate the lacking representation of the spatial heterogeneity of SM by sparse in situ measurements, but also introduces the uncertainty of auxiliary data. Unlike the OLS method, however, the RR method does not overly rely on the accuracy of auxiliary data. On the other hand, with the growth of the number of sites, the prediction accuracy of the RR method does not show sustained improvement as that of the AM method, which indicates that the RR method is not sensitive to the number of sites relative to the AM method. The RR method can employ a limited 
Given a different number of sites, the performance of the RR method is always superior to that of the OLS and AM methods. On the one hand, the RR method employs auxiliary data related to SM to compensate the lacking representation of the spatial heterogeneity of SM by sparse in situ measurements, but also introduces the uncertainty of auxiliary data. Unlike the OLS method, however, the RR method does not overly rely on the accuracy of auxiliary data. On the other hand, with the growth of the number of sites, the prediction accuracy of the RR method does not show sustained improvement as that of the AM method, which indicates that the RR method is not sensitive to the number of sites relative to the AM method. The RR method can employ a limited number of sites to complete what the AM method completes using a large number of sites. Thus, it is feasible to upscale sparse ground observations using the RR method.
The key to employing the RR method is to determine a value for the regularization parameter. Currently, the regularization parameter is artificially estimated. The objective estimation of the regularization parameter will be considered in future work.
